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Ensuring adequate water supply to urban areas is a challenging task due to factors such as rapid urban growth, increasing water
demand and climate change. In developing a sustainable water supply system, it is important to identify the dominant water demand
factors for any given water supply scheme. This paper applies principal components analysis to identify the factors that dominate
residential water demand using the Blue Mountains Water Supply System in Australia as a case study. The results show that the inﬂuence
of community intervention factors (e.g. use of water eﬃcient appliances and rainwater tanks) on water demand are among the most
signiﬁcant. The result also conﬁrmed that the community intervention programmes and water pricing policy together can play a notice-
able role in reducing the overall water demand. On the other hand, the inﬂuence of rainfall on water demand is found to be very limited,
while temperature shows some degree of correlation with water demand. The results of this study would help water authorities to plan for
eﬀective water demand management strategies and to develop a water demand forecasting model with appropriate climatic factors to
achieve sustainable water resources management. The methodology developed in this paper can be adapted to other water supply systems
to identify the inﬂuential factors in water demand modelling and to devise an eﬀective demand management strategy.
 2015 The Gulf Organisation for Research and Development. Production and hosting by Elsevier B.V. All rights reserved.
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Water scarcity has become a major concern in many
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and Development.tion of groundwater, inadequate ﬂow inmajor river systems,
water pollution and increase in demand due to growing pop-
ulation and rapid urbanisation (Vo¨ro¨smarty et al., 2000;
Haque et al., 2014a). Furthermore, changing climatic condi-
tions are expected to exacerbate the pressures on water sup-
ply systems (House-Peters and Chang, 2011; Misra, 2014;
Haque et al., 2015a,b) as catchment water yield is likely to
decrease in many parts of the world due to climate changes
(Jin et al., 2012; Ficklin et al., 2013; Liu et al., 2013). In order
to cope with these challenges and to secure adequate water
supply, the implementation of integrated managementduction and hosting by Elsevier B.V. All rights reserved.
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ing the eﬃciency of existing water supply systems (Postel,
2000) and managing water demand (Arbue´s et al., 2003;
Oduro-Kwarteng et al., 2009) is critical. It is crucial to
understand the key inﬂuencing factors on urban water
demand,which form the basis for developing a reliable water
demand forecast model to estimate future water demand.
Urban water demand varies with a range of factors
including demographic factors (e.g. population, number
of connections and average number of people in a house)
(Firat et al., 2009; Fox et al., 2009; Arbue´s et al., 2010), cli-
matic factors (e.g. rainfall, temperature and evaporation)
(Balling and Gober, 2007; Franczyk and Chang, 2009;
Cole and Stewart, 2013), and socio-economic factors (e.g.
household income and water price) (Arbues and Villanu´a,
2006; Franczyk and Chang, 2009; Qi and Chang, 2011).
The inﬂuence of climatic factors on water demand is of par-
ticular importance due to potential higher temperature and
reduced rainfall in the future as a result of the changing cli-
mate (IPCC, 2007; Babel et al., 2014).
In recent years, another factor has emerged which can
be harnessed to reduce urban water use. This is termed as
‘‘community intervention programmes” and relates pri-
marily to the employment of water saving measures such
as water eﬃcient appliances and rainwater tanks for out-
door water use in homes (Beal et al., 2012; Rahman
et al., 2012; Dawadi and Ahmad, 2013; Haque et al.,
2013a). These water saving measures are likely to gain
increasing importance in managing urban water demand,
and hence merits detailed investigations.
Several commonly used techniques have been adopted by
water demand studies to identify the inﬂuential factors in
urban water demand modelling such as regression analysis
(Fernandes Neto et al., 2005; Almutaz et al., 2012), artiﬁcial
neural networks (Firat et al., 2009; Babel and Shinde, 2011),
factor analysis (Panagopoulos, 2014) and sensitivity analysis
(Babel et al., 2014). Alternatively, another multivariate sta-
tistical technique, principal components analysis (PCA)
(Gabriel, 1971), can be used to investigate the relative impor-
tance of various inﬂuential factors in water demand mod-
elling. A biplot, the output from PCA, provides a
graphical representation of multivariate data, which facili-
tates easy identiﬁcation of the dominant factors. This PCA
biplot technique has been adopted in some other types of
studies, such as ecology (Basille et al., 2008), environmental
studies (Gallego-A´lvarez et al., 2013) andwater quality anal-
ysis (Alias et al., 2014) to identify the inﬂuential factors in the
modelling. However, application of the biplot technique in
identifying the relative importance of various water demand
factors is limited.
The objectives of this study are (i) to assess the relative
inﬂuence of various climatic and community intervention
factors on residential water demand using the PCA biplot
technique; (ii) to evaluate whether future water demand
would be impacted by changing climate or not; and (iii) to
recommend strategies to enhance the sustainability of urban
water supply management. The results of this study areexpected to provide important insights into the inﬂuential
climatic and community intervention factors in water
demandmodelling, whichwill help to plan and developmore
eﬀective water demand management strategies (e.g. whether
to introduce/continue community intervention pro-
gramme). Furthermore, this study is intended to generate
scientiﬁc knowhow that can be used to derive more accurate
water demand projections by utilising the useful information
on the relative impacts of climatic and community interven-
tion factors on water demand (e.g. whether climatic factors
are to be included in the water demandmodelling). The ﬁnd-
ings of this study would be useful in enhancing the sustain-
ability of urban water resources and water supply systems
in a given region.
2. Study area and data
Blue Mountains Water Supply System (BMWSS) in
New South Wales, Australia was selected as the study area.
In the Blue Mountains region, BMWSS provides water to
about 48,000 people residing between Faulconbridge and
Mount Victoria (Fig. 1). The Blue Mountains region is sit-
uated in eastern New South Wales at latitude 33.7S and
longitude 150.3E. The temperature in the Blue Mountains
region is around 7 C lower than that in coastal Sydney.
The average monthly maximum temperature in the study
area is around 12 C and 22 C in winter (May–August)
and summer months (November–February), respectively.
The average annual rainfall in the study area is around
1300 mm per year. More details on the BMWSS can be
found in Haque et al. (2013b, 2014b, 2015c).
Data on monthly metered residential consumption and
number of dwellings were obtained from Sydney Water,
the water supply utility, for the period of January 1997–
September 2011. From the water consumption data, it
was evident that the single residential dwellings (i.e. free
standing houses/semi-detached houses) is responsible for
about 94% of the residential water consumption while the
multiple dwelling sector (i.e. apartment blocks/units)
accounts for about 6%.
The list of water demand factors and their brief descrip-
tions are presented in Table 1. Among the eleven factors,
ﬁve are climatic factors (RF, NRD, MMT, EVP and SE),
ﬁve are community intervention factors (S_WF, S_DIY,
S_WM, S_TR and S_RWT) and the remaining one is the
water price factor. These factors were adopted based on
their potential inﬂuence on water demand. Data on water
price and community intervention factors were collected
from Sydney Water for the period of January 1997–
September 2011. Values for community intervention fac-
tors were determined based on the number of dwellings
which had installed water eﬃcient appliances and rainwa-
ter tanks (i.e. S_WF, S_DIY, S_WM, S_TR and
S_RWT). For example, in November 2003, the number
of single dwellings with rainwater tanks was 879 and
accordingly S_RWT for that month was taken as 879.
Meteorological data, such as rainfall, number of rain days,
Figure 1. Location map of the Blue Mountains regions showing the water supply zones (Mt. Victoria to Faulconbridge) of the Blue Mountains Water
Supply System.
Table 1
Description of the water demand factors.
Variables Description Unit
PDWC Per dwelling water consumption in a month kL/dwelling/month
RF Monthly total rainfall mm
NRD Number of rain days in a month Day
MMT Monthly mean maximum temperature C
EVP Monthly total evaporation mm
SE Monthly mean global solar exposure MJ/m2
S_WF WaterFix Programs (installation of new showerheads, ﬂow restrictions and minor
leak repairs undertaken by a licenced plumber)
–
S_DIY Do-It-Yourself kits (self installed ﬂow restrictors) –
S_WM Installation of water eﬃcient washing machines –
S_TR Replacement of toilets with water eﬃcient one –
S_RWT Installation of rainwater tanks –
WP Water price AUD/kL
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obtained from the Sydney Catchment Authority.
3. Methods
3.1. Principal components analysis (PCA)
PCA is a popular pattern recognition technique which is
capable of identifying correlations among factors and clus-tering of objects in a graphical format. PCA transforms the
original data set to a number of orthogonal principal com-
ponents (PCs). Though the number of PCs is the same as
the original factors, most of the data variance is explained
by the ﬁrst few PCs. Hence, the ﬁrst few PCs can be
selected for data interpretation without losing much infor-
mation contained in the original data set (Mahbub et al.,
2010). The number of PCs is determined using the Scree
Plot method (Cattell, 1966). When PCA is applied to a data
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and a score for each object on the PCs. Therefore, data can
be presented graphically in the form of a biplot (Gabriel,
1971; Gabriel and Odoroﬀ, 1990; Gower and Hand, 1996).
In this study, water demand factors were represented by
the vectors and the consumption months were represented
by data points. The degree of correlation between the
factors can be explained by the angle between the vectors
and objects with similar characteristics can be indicated
by the clustering of data points. An acute angle between
two vectors indicates that they are highly correlated. Two
vectors forming an obtuse angle indicate that they are
inversely correlated, and if two vectors are perpendicular,
they are considered as independent (Gardner et al., 2005;
Blasius et al., 2009). In this study, statistiXL (Robert and
Wither, 2007) software was used to perform the PCA.
3.2. Multiple linear regression analysis
In this study, water demand models were developed
using multiple linear regression. This technique models
the relationship between a response/dependent factor and
two or more independent factors. The regression coeﬃ-
cients of the independent factors were estimated using the
ordinary least squares regression approach. In the water
demand literature (e.g. Babel et al., 2007; Dziegielewski
and Chowdhury, 2011), three forms of multiple regression
techniques, namely linear, the Semi-Log, and Log–Log are
widely used to model water demand. In this study, Semi-
Log model form was used to derive the relationship
between the dependent and independent factors since this
model form was found to be the best one in the study area
(Haque et al., 2014b).
In Semi-Log model, only the dependent factor (Per
dwelling water consumption, PDWC) was in logarithmic
form and the independent factors were taken into the
model without any log-transformation. The functional
form c is given by Eq. (1) (Montogomery et al., 2001;
Babel et al., 2007):
Log ðY Þ ¼ aþ b1X 1 þ b2X 2 þ    þ bkX k ð1Þ
where a is the model intercept, bS are the slope coeﬃcients,
k is the number of independent variables, Y is the depen-
dent factor and X1, X2,. . ., Xk are the independent factors.
3.3. Model performance evaluation
The performance of the water demand models devel-
oped was evaluated using three common performance sta-
tistical measures, namely, coeﬃcient of determination (R2),
average absolute relative error (AARE) in % and root
mean square error (RMSE) in %. These measures were
calculated using the modelled results and observed data.
The total dataset (January 1997–September 2011) was
divided into two subsets: (i) development set (January
1997–December 2008) which was used to develop the water
demand model; and (ii) validation set (January 2009–September 2011) which was used to validate the model
developed.
3.4. Derivation of ‘‘water conservation savings” factor
In order to reduce the impact of multicollinearity in
regression analysis (i.e. the correlation among the indepen-
dent factors), ﬁve community intervention factors (S_WF,
S_DIY, S_WM, S_TR and S_RWT) were standardised
based on the number of participants in the rainwater tank
programme as rainwater tank programme was found rank
the highest in water savings among the ﬁve factors. There-
after, the standardised values of the ﬁve factors were added
together to form the ‘water conservation savings’ (WCS)
factor. Standardisation were done to represent the ﬁve
types of factor into a single factor and prepared in two
steps: (i) relative weighting (%) in total water savings was
estimated for each of the ﬁve community intervention pro-
grammes based on the quantity of savings per programme;
and (ii) the number of participating dwellings for each
programme was then multiplied by the ratio of weighting
of the corresponding programme to that of the rainwater
tank programme. For example, relative weighting of the
ﬁve programmes in total water savings by these factors
was found to be 19.79%, 6.37%, 17.45%, 21.78% and
34.60% for S_WF, S_DIY, S_WM, S_TR and S_RWT,
respectively, using the data provided by Sydney Water. In
November 2003, the S_WF value which was 3538 was stan-
dardised to rainwater tank number (S_RWT) by multiply-
ing 3538 with the ratio of 19.79/34.60. The mathematical
representation of the ‘WCS’ factor is presented by Eq. (2):
WCS ¼ Nai  W a þ Nbi  W b þ    þ Nzi  W z ð2Þ
where WCS = water conservation savings factor,
N ða...zÞi = number of participated household in a commu-
nity intervention programme at time i and W a...z is the rel-
ative weight of the water savings programme compared
with the rainwater tank programmes in terms of water
savings, which can be expressed by Eq. (3):
W a...z ¼ Sa...zSRWT ð3Þ
where Sa...z is the percentage of water savings by a commu-
nity intervention programme and SRWT is the percentage of
water savings by the rainwater tank programme.
4. Results
In this study, PCA was undertaken for the single dwell-
ing residential sector in the BMWSS. Collected monthly
metered water consumption values were divided by the
number of dwellings to obtain the ‘per dwelling water con-
sumption (PDWC)’ for a month, which is considered as the
dependent factor in the analysis. Analysis was ﬁrst per-
formed to assess the correlations of the likely inﬂuential
factors on water demand. This was done to select the most
inﬂuential factor set for water demand predictions. For
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independent factors (Table 1) covering a 14 year period
(1997–2011). The resulting biplot is shown in Fig. 2.
As shown in Fig. 2, the community intervention factors
(S_WF, S_DIY, S_WM, S_TR and S_RWT) are highly
correlated with each other and directed towards the
negative PC 1 axis. The presence of such highly correlated
factors may create multicollinearity problem in the
regression-based model, leading to unrealistic and biased
results. Therefore, a representative factor was derived,
titled, ‘WCS’ which embodied all of the ﬁve community
intervention factors as discussed in Section 3.4.
The modiﬁed data matrix with seven factors was sub-
jected to PCA and the resulting biplot is presented in
Fig. 3. Objects in Fig. 3 did not show any obvious cluster-
ing and were spread uniformly across the biplot indicating
that the representative factor WCS performed satisfacto-
rily. As evident in Fig. 3, MMT, EVP and SE were found
to be highly correlated with each other while RF and
NRD factors were also found to be correlated with each
other. Similar to community intervention factors, high cor-
relations among these factor sets can create a multi-
collinearity problem in the development of water demand
model. To avoid the multicollinearity problem, one factor
from each set was selected for further analysis. In this
regard, MMT was retained, as the temperature factor can
be easily measured and monitored, and the other two fac-
tors (SE and EVP) were removed from the data matrix.Figure 2. Resulting PCA biplot (PC1 vs. PC2) of factors (11 independent fa
indicate the corresponding year and month in the data matrix).NRD was removed from the data matrix and RF was
retained. Due to the removal of highly correlated factors,
the revised data matrix contained only four factors
(WCS, Water price, MMT and RF) and was subjected to
PCA. It was found in the results that the reﬁned set of fac-
tors (i.e. four factors) were suﬃcient for further analysis as
the elimination of the correlated factors did not have any
adverse impact on the PCA results rather it improved the
percentage of variance explained by the ﬁrst two principal
components. Due to the similar pattern of biplot with these
four factors as in Fig. 3, it was not presented in the paper.
In Fig. 4, the dependent factor (i.e. per dwelling water
consumption (PDWC)) was introduced into the data
matrix to directly observe the relationship between PDWC
and the water demand factors. It was found that the inclu-
sion of the dependent factor had minimal inﬂuence on the
clustering of the data set and it did not aﬀect the percentage
of variance explained by the two PCs. As evident in Fig. 4,
PDWC, the water price and the WCS factor show a strong
negative correlation. This suggests the decrease in water
consumption with the increase in water price and commu-
nity intervention programmes. These strong negative corre-
lations with water demand indicate that these two factors
are the most dominant in describing water consumption
in the BMWSS and these two factors in combination would
be able to help in reducing water demand. This conclusion
is in accordance with the ﬁndings of a recent study in Las
Vegas Valley in southern Nevada by Dawadi and Ahmadctors) inﬂuencing water demand, (data labels (e.g. 08_12; Year_Month)
Figure 3. Resulting PCA biplot (PC1 vs. PC2) of factors on modiﬁed data matrix of 7 factors including ‘‘WCS” factor, (data labels (e.g. 08_12;
Year_Month) indicate the corresponding year and month in the data matrix).
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ing policies in combination would help to reduce water
demand and to delay an imminent water shortage in Las
Vegas Valley.
It can also be seen in Fig. 4 that MMT and RF factors
show weak correlations (positive and negative with MMT
and RF, respectively) with PDWC. Out of these two fac-
tors, the inﬂuence of temperature on water demand is
found to be greater than that of the rainfall factor, indicat-
ing an increase in water demand with the increase in
temperature. The results of this study in relation to the
inﬂuence of climate on water demand are somewhat
comparable with other studies. For example, the eﬀect of
temperature was found to be important than that of rain-
fall on water demand in Bangkok and Seoul (Praskievicz
and Chang, 2009; Babel et al., 2014), while the eﬀect of
rainfall was found to be signiﬁcant than that of tempera-
ture in Germany (Schleich and Hillenbrand, 2009). In
another study, both rainfall and temperature were found
to be signiﬁcant in the residential water use in Phoenix,
Arizona by Balling and Gober (2007). These results indi-
cate that the drivers of water consumption vary between
diﬀerent geographic areas, highlighting the necessity of
ﬁnding the inﬂuence of water demand factors speciﬁc to a
given area.
From the PCA, three factors, WCS, WP and MMT were
found to be relatively more inﬂuential factors for BMWSSin urban water demand. However, since the ﬁnal data
matrix contains four independent water demand factors
(WCS, WP, MMT and RF), water demand models
(Table 2) were developed with the combination of these
four factors to determine their appropriateness in simulat-
ing water demand. From Fig. 4, it can be seen that WP and
WCS are highly correlated, and hence can create
multicollinearity problem in the regression analysis. Multi-
collinearity was assessed by developing the ﬁrst water
demand model (M1) with the four factors. It was found
that the WCS and the WP factors have a negative and
positive correlation with PDWC (Table 2), respectively.
However, in a real scenario, both factors should show neg-
ative correlation with water demand, as the increasing
eﬀects of these two factors on water demand would reduce
the volume of water consumption. Therefore, one of the
two factors needed to be removed from the demand model
to reduce the impact of multicollinearity.
From the coeﬃcient values in the M1 (Table 2) model, it
was found that the WCS factor had a greater eﬀect on
water demand than the WP factor, and the coeﬃcient sign
of the WP factor was in the wrong direction. Moreover, in
Fig. 4, the angle between the WCS and the PDWC vectors
was larger than the angle between WP and PDWC, which
indicated that the eﬀect of the WCS factor on water
demand was higher than that of the WP factor. Therefore,
the second water demand model (M2) was developed using
Figure 4. Resulting PCA biplot (PC1 vs. PC2) of factors (data matrix contains four independent factors and a dependent factor (PDWC)), (data labels
(e.g. 08_12; Year_Month) indicate the corresponding year and month in the data matrix).
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WP factor. The R2 value for the M2 model was found to
be 63.9% (Table 2), which was slightly smaller than that
of the M1 model (64.2%). These R2 values demonstrated
that the removal of the WP factor did not exert any notice-
able adverse impact on the performance of the M2 model.
The third water demand model (M3) was developed by
removing the RF factor from the dataset and using the
other two factors, MMT and WCS. The fourth water
demand model (M4) was developed by omitting the
MMT factor from the dataset and using the two other fac-
tors, RF and WCS. The performances of these models were
compared with each other to evaluate the eﬀects of inclu-
sion or removal of factors from the water demand models.
Performance statistics of the developed water demand
models are presented in Table 2. Since the M1 model is
aﬀected by the multicollinearity problem, the results of this
model were not taken into consideration in the comparison
of the results. It can be seen from Table 2 that if the rainfall
factor is removed from the M2 model, the R2 value of the
M3 model becomes 60.2%, which is smaller than that for
the M2 model. However, the reduction (3.7%) in R2 value
is not signiﬁcant which indicates that the rainfall has very
little impact on the residential water demand. On the other
hand, if the MMT factor is removed from the M2 model,
the R2 value is reduced to 52.3% in the M4 model which
is a reduction of 11.6%, indicating that temperature has
some inﬂuence on water demand and it has a higherinﬂuence than that of rainfall. Results of the AARE (%)
and the RMSE (%) also show that the removal of the RF
factor does not aﬀect the model results notably as the
AARE (%) and the RMSE (%) values are found to be clo-
ser for the M2 and M3 models. However, the M4 model
gives poorer results in terms of the AARE (%) and the
RMSE (%) values than those of the M2 and M3 models
when temperature factor is removed from the model. These
results also demonstrate that the temperature has a higher
degree of inﬂuence on water demand than rainfall. There
may be several reasons for temperature to be more inﬂuen-
tial than rainfall. For example, the higher the temperature
it is more likely that people will use more water (e.g. longer
shower). Rainfall may reduce irrigation demand; however,
it is not as inﬂuential as temperature to govern the overall
water demand.
Moreover, these results indicate that the most of the
variance is explained by the WCS factor as the contribution
by MMT and RF are limited in explaining the variance of
the water demand. Therefore, it can be concluded that the
WCS factor has a dominant impact on water demand
rather than the climatic factors, and the strong negative
correlation with water demand indicates that it has notable
impact on reducing water demand. These results are sup-
ported by the ﬁndings of the PCA. A recent behavioural
study by Fielding et al., (2013) on the impact of community
intervention programmes (e.g. water saving information,
information plus a descriptive norm manipulation, and
Table 2
Developed water demand models and their performance statistics.
ModelVariables Model coeﬃcients R2
(%)









M1 MMT, RF, WCS,
WP
log10 (PDWC) = 1.07  0.619 * WCS  0.000173 * RF + 0.00532 * MMT
+ 0.113 * WP
64.2 7.27 9.8 6.51 8.31
M2 MMT, RF, WCS log10 (PDWC) = 1.16  0.451 * WCS  0.000163 * RF + 0.00532 * MMT 63.9 7.24 9.75 7.58 8.36
M3 MMT, WCS log10 (PDWC) = 1.15  0.453 * WCS + 0.00467 * MMT 60.2 7.35 10.13 6.72 7.79
M4 RF, WCS log10 (PDWC) = 1.24  0.454 * WCS  0.000101 * RF 52.3 8.16 11.8 6.89 9.22
Highlighted ﬁelds (marked in bold) represent the best ﬁt model.
PDWC = per dwelling water consumption in a month, WCS = water conservation savings, RF = monthly total rainfall, MMT = monthly mean maxi-
mum temperature.
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water demand indicated that the intervention programmes
led to signiﬁcant water savings in South East Queensland,
Australia. Another recent study by Price et al. (2014)
demonstrated that the community intervention pro-
grammes (e.g. use of low ﬂow toilets, low-ﬂow washing
machines, dishwashers and showerheads) contributed to
eﬀective water demand management in New Mexico by
reducing water use notably.
Based on the results, a number of means may be sug-
gested to enhance the sustainability of urban water supply
management, such as (i) community intervention pro-
grammes (installation of ﬂow restrictors, replacement of
the old toilet with eﬃcient one, installation of water eﬃ-
cient appliances and rainwater tanks) need to be continued
as these can reduce water demand, which in turn conserve
water resources, (ii) projections of water demand by incor-
porating climatic factors into the modelling, which will
assist in developing more realistic water demand manage-
ment strategies.
5. Conclusions
This study employed principal components analysis to
evaluate the relative inﬂuence of climatic (i.e. temperature
and rainfall) and community intervention factors (i.e.
installation of water eﬃcient appliances and rainwater
tanks) on residential water demand. This uses the Blue
Mountains Water Supply System in Australia as the case
study area. The results show that community intervention
factors are the dominant drivers in residential water
demand. Moreover, it is found that community interven-
tion and water pricing policy in conjunction can play an
important role in managing water demand in order to
maintain the balance between water demand and supply.
As for the impact of climatic factors, the results show that
rainfall has little impact on water consumption, while tem-
perature has some degree of inﬂuence on water demand.
This indicates that future water demand can be expected
to be aﬀected by climate change conditions, especially when
there is a rise in temperature. The overall study ﬁndings
highlight the fact that community intervention factors are
more important than climatic factors in water demandforecasting. However, climatic factors should be included
in the water demand model to capture the eﬀect of future
climate change on water demand. The results of this study
will help water authorities to plan for eﬀective demand
management strategies and to develop a water demand
forecasting model with appropriate climatic factors to
achieve sustainable water resources management. The
methodology presented in this study can be adapted to
other water supply schemes to identify the inﬂuential fac-
tors in water demand modelling.
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